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ABSTRACT 
 
Dairy cattle breeding systems have a common goal of improved milk production. 
Extensive research has been carried out to increase our understanding of the biology behind 
milk production. This biological information has then been used to improve the prediction of 
a cow’s milk production. This thesis explores two ways in which milk production can be 
better understood and predicted. The first study investigates whether the sex of the calf that 
initiates a lactation has an impact on milk yield during that lactation as well as whether the 
sex of calves in different parities affects milk yield during that lactation. The second study 
investigates the additive and dominance effects of four quantitative trait nucleotides (QTN) 
for milk fat yield and evaluates whether including the QTN in genomic prediction analyses as 
either a random covariate, fixed covariate or fixed class improves estimated breeding values 
(EBV). 
Calf sex was shown to have an effect on milk yield in each of the first three 
lactations, with heifer calves resulting in a higher milk yield than bull calves. Some of the 
effect of calf sex is explained by a greater number of days-in-milk for a cow when a female 
calf was born, as evidenced by a decrease in the effect of calf sex when days-in-milk was 
fitted in the model. While days-in-milk explained some of the effect, there was still some 
effect of calf sex within and across lactations.  
Dominance was observed at the majority of QTN, suggesting that milk fat yield EBV 
could be improved by the correct modeling of dominance in prediction models. Including 
QTN in genomic prediction models did not significantly change prediction accuracy, 
however including QTN significantly decreased bias in many cases, such as when AGPAT6, 
viii 
 
a QTN with observed over-dominance, was included as a fixed class effect. There was 
evidence of epistatic interactions between the QTN PLAG1 and AGPAT6, PLAG1 and 
GHR, and DGAT1 and GHR.  
This thesis shows there is the potential to improve modeling of economically 
important traits. As data sets get bigger and data collection methods improve, more of the 
underlying biology will be revealed. 
1 
CHAPTER I 
 
OVERVIEW 
 
1.1 Introduction 
Improvement of milk production is a central goal of dairy cattle breeding systems 
across the world (Wiggans et al., 1988; Robert-Granie et al., 1999; DairyNZ, 2014). The first 
herd testing services in New Zealand were established in 1909 to help farmers evaluate the 
production of each animal in their herd and since the 1930s there has been a nation-wide 
effort to improve the standard of New Zealand dairy cattle (LIC, 2014). The rate of 
improvement is constrained by the information available on each individual animal and the 
population at large, as well as the abilities of statistical models to correctly capture the 
biological and environmental processes that underlie variation in the population. 
If improvement of a population is to be maintained in future generations it must be 
improvement in the genetic make-up of that population. Genetic improvement of a 
population is described in terms of genetic gain per year, which can be calculated using the 
following equation  (Lush, 1937): 
∆ =       [1.1] 
where i is the selection intensity, r is the accuracy of the estimated breeding values (EBV) 
used for selection, 	
 is the standard deviation of true breeding values, and L is the 
generation interval. The intensity of selection is determined by the proportion of animals 
selected to be parents of the next generation of individuals. Prediction accuracy is influenced 
by the model used for prediction as well as the heritability of the trait. The standard deviation 
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of true breeding values is fixed by the nature of the population. The generation interval is the 
average age of individuals in the population when their offspring is born. It is possible to 
have different selection strategies for males and females (Falconer and Mackay, 1996); and 
even different selection strategies for the pathways representing sires of sires, dams of sires, 
sires of dams and dams of dams (Rendel and Robertson, 1950); with the genetic gain of a 
population easily calculated by simple modification of the above equation to capture the 
selection imposed on each pathway.  
Accurate statistical modeling has the potential to increase genetic gain by increasing 
the estimate of heritability of that trait. One common effect that is fit in the model equations 
used in many dairy cattle analyses is the herd effect (van Bebber et al., 1997; Chagunda et 
al., 2004; Pryce and Harris, 2006). Different herds have different management practices and 
feeding systems which means different herds tend to have different milk yields, which leads 
to increased variance in raw phenotypes across herds compared to within herds (van Bebber 
et al., 1997). Taking account of this variation by fitting herd as a fixed effect when modeling 
milk yield will decrease the residual variance, therefore decreasing phenotypic variance and 
increasing heritability estimate. This will lead to an increase in EBV accuracy which directly 
increases genetic gain.  
A recent study by Hinde et al. (2014) using North American data suggested that the 
sex of calf produced to initiate a lactation influenced milk production in its dam in that and 
subsequent lactations, so this study will quantify the extent calf sex influences milk 
production in New Zealand dairy cattle. 
Genomic Prediction (GP) refers to a class of statistical methods that use SNPs 
throughout the genome that may be in linkage disequilibrium (LD) with Quantitative Trait 
3 
Nucleotides (QTN) to pick up the effects of these QTN and thereby calculate Direct Genomic 
Values (DGVs) from genotyped animals without accurate phenotypes (Meuwissen et al., 
2001; Goddard and Hayes, 2007). Many studies have shown that EBVs from GP are more 
accurate than EBVs from BLUP analyses, both in simulation studies (Meuwissen et al., 
2001) and studies on real data (Harris et al., 2009).  
Genome Wide Association Studies (GWAS) can be based on the same models used 
for GP but have a different objective. LD between SNPs and QTN is exploited in GWAS as a 
first step to identify QTN and regions of the genome with high association with a trait. 
Further analyses are then performed on these regions to narrow down the region and to find 
the QTN. Many QTN have been discovered across many species and traits such as: growth 
and meat quality in swine (Thomsen et al., 2004), muscling and fat in sheep (Johnson et al., 
2009) and milk traits in dairy cattle (Grisart et al., 2002). One important question that this 
study will address is whether direct QTN information improves the accuracy of GP which 
will in turn increase genetic gain. 
 
1.2 Research Objectives 
The objectives of this study were to: 
• Evaluate the effect of calf sex both within and across lactations to potentially increase 
genetic gain of milk yield. 
• Compare the performance of different models of milk fat yield that incorporate 
information on either QTN or tag SNPs for these QTN as either 1) random covariates, 
2) fixed covariates, or 3) fixed class effects, and evaluate whether there is dominance 
at, or interactions between, four QTN. 
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CHAPTER II 
 
 LITERATURE REVIEW 
 
2.1 Influence of Calf Sex on Lactation Yields in Dairy Cows 
In dairy cattle, as with all mammals, pregnancy and parturition is typically required to 
initiate lactation. In most Western dairy industries calves are separated from their dams 
within 24 hours of birth and artificially reared. The effect of the sex of the calf that initiated 
the lactation has not normally been included in the model equations to analyze lactation 
traits; however a recent report suggested that if a female calf initiated the lactation there was 
a significantly higher milk yield in that lactation than if a male calf initiated the lactation 
(Hinde et al., 2014). There has subsequently been debate over whether this is a true effect or 
an artefact of the model fit (Barbat et al., 2014; Beavers and Van Doormaal, 2014; Bradford 
et al., 2014).  
The presence of a calf sex effect in dairy cattle would be consistent with a study in 
beef cattle identifying that milk production was higher when cows gave birth to daughters 
rather than sons (Rutledge et al., 1971). However, another study showed no effect of calf sex 
on milk production in beef cattle (Christia et al., 1965). There is a well-known sex bias in 
dairy cattle in terms of sex ratio, with approximately 53% of calves born being males (del 
Rio et al., 2007).  
Sex of naturally reared offspring has been shown to have an effect on milk 
composition in a variety of species such as Iberian Red Deer (Landete-Castillejos et al., 
5 
2005), Bank Voles (Koskela et al., 2009) and Rhesus Macaques (Hinde, 2009). However, 
even within a single species, effects have been inconsistent across different populations, such 
as Kenyan women providing richer milk for daughters (Fujita et al., 2012) while Pilipino 
women show no bias to either sex (Quinn, 2013). These studies all consider species where 
the young suckle from their mother, which is not true in dairy cattle since the calf is removed 
from the mother as soon as possible after birth. When investigating whether calf sex has an 
effect on lactation yield in dairy cattle it is important to note that this is the effect only of calf 
sex during the gestation and birthing period, not any effect of suckling differences between 
the two sexes.  
As Hinde et al (2014) point out, dairy cattle are prime candidates for determining if 
there is a pre-parturition effect of calf sex on milk yield for multiple reasons such as 
established, detailed milk recording systems, recording of parturition on a large number of 
animals, the presence of the male-sex bias, and calves are taken away from their mother at 
birth so there is no influence of different calf sexes having different nutritional requirements 
or suckling behavior. Additionally, cattle generally only have one offspring, so it is easy to 
separate the effects of each sex without worrying about confounding, at least until 
establishment of the next pregnancy, at about 90 days into the lactation. 
The discovery of a moderate to large effect of calf sex on milk yield would have 
important ramifications in the dairy industry and could lead to increased profit for producers 
if management practices are changed to exploit this knowledge. The accurate modeling of 
calf sex could directly influence genetic gain, particularly in selection of dams of sires, where 
selection could currently be biased. A large effect of calf sex could also mean that sexed 
semen use is profitable for a larger number of cows since the lower fertility rates and 
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increased cost of sexed semen compared to unsexed semen mean it is currently only 
profitable to increase the fraction of female calves born to heifers with high breeding values 
(Norman et al., 2010). 
 
2.2 Breeding Values 
An animal’s BV is the additive genetic merit of that individual compared to a 
specified base, and can be thought of as twice the mean value of that individual’s progeny 
compared to the base (Falconer and Mackay, 1996). The base is often the population mean in 
the current generation (Falconer and Mackay, 1996), but is also frequently a population mean 
at a given time in the past, such as the mean of progeny-tested bulls born in 1995 (VanRaden 
et al., 2004). Accurate estimation of an individual’s BV is critical for increasing genetic 
improvement of a population (Eq. [1.1]), therefore many studies have been published that 
attempt to increase the accuracy of EBVs using various models (Reents et al., 1995; Hayes et 
al., 2009; Luan et al., 2009).  Some different types of EBV are Direct Genomic Values 
(DGVs), Genome Enhanced BVs (GEBVs), and Deregressed EBVs (DEBVs). 
Genotyped SNPs and their estimated effects can be used to estimate DGVs. The 
estimation of DGVs require a training population consisting of genotyped individuals with 
reliable phenotypic information, and a group of genotyped individuals whose BVs need to be 
estimated (Meuwissen et al., 2001). The theory behind DGVs is that some SNPs will be in 
LD with QTN and therefore can be used to estimate the effects of that QTN, with the 
accuracy of the QTN effect estimates dependent on LD between the QTN and nearby SNPs 
(Meuwissen et al., 2001). DGV accuracy is therefore dependent on many aspects, with some 
of the most important being the relationships of individuals in the training population and 
their relationship to the predicted individual (Habier et al., 2007), SNP density (Moser et al., 
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2010), LD in the population (Meuwissen et al., 2001) and heritability of the trait (Moser et 
al., 2010).  
While DGVs are reasonably accurate BVs, not all parental information is captured by 
the SNPs (Harris et al., 2009) which means that EBV accuracy can be improved by blending 
DGVs and phenotypic information on the individual and its relatives. Harris et al. (2009) 
used a selection index approach to combine DGVs with parent information from the national 
genetic evaluation. DGVs and parent information from the national genetic evaluation are 
genetically correlated, therefore DGVs and parental information needed to be combined in a 
selection index. Harris et al. (2009) found the blended EBVs, termed GEBVs, increased EBV 
accuracy compared to DGVs or parent average EBVs.  
Calculation of DGVs requires a training population. Different individuals in the 
training population may have different information, such as one measurement vs. multiple 
measurement, progeny or parental information, individual phenotypic records or sibling 
records. This means that the confidence in the phenotype of each animal is likely to be quite 
different. Garrick et al. (2009) proposed a method for calculating DEBVs that calculates an 
EBV excluding parental information and weights it according to the reliability of the DEBV 
estimate. This method for calculating DEBVs has been shown to be more accurate than 
traditional EBVs (Ostersen et al., 2011) and has been used widely in many studies (Blaschek 
et al., 2011; Resende et al., 2012; Signer-Hasler et al., 2012).  
 
2.3 Bayesian Methods for Genomic Prediction 
Traditionally, EBVs have been calculated using a method described by Henderson 
(1984) called best linear unbiased prediction (BLUP) which is based on phenotypic records 
of the individual and related animals. The best animals were selected based on their EBVs. 
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Recent advancements in molecular technology have meant that it is now possible to genotype 
many thousands or millions of SNPs across the genome and this information can be used to 
increase the accuracy of EBVs and improve genetic gain through Genomic Selection (GS). 
Genomic BLUP analysis can be used to calculate DGVs (VanRaden, 2008), however the 
Bayesian methods BayesA, BayesB (Meuwissen et al., 2001) and BayesC (Kizilkaya et al., 
2010) produce more accurate DGVs (Meuwissen et al., 2001; Habier et al., 2007; Hayes et 
al., 2009).  
In the BayesA method, every SNP is included in estimation of DGV and SNP effects 
are treated as random, coming from a scaled t distribution (Hayes and Goddard, 2010). The 
BayesB method is similar to the BayesA method, however there is now a parameter, pi, that 
determines the likelihood of a particular SNP not being fit in the model. Effects from SNPs 
in the model come from a scaled t distribution, as in BayesA, while the effect of SNPs not fit 
in the model is zero (Meuwissen et al., 2001; Hayes and Goddard, 2010). BayesC is very 
similar to BayesB, however the effects of SNPs fit in the model come from a Normal 
distribution rather than a t distribution (Kizilkaya et al., 2010). Another difference between 
these three Bayes methods is the degree to which each of the effects is shrunk. BayesA and 
BayesB allow different amounts of shrinkage at each locus (Meuwissen et al., 2001) while 
BayesC fits a single effect variance across all loci (Kizilkaya et al., 2010). 
BayesA is a good method to use when there are few markers available because it will 
fit all markers. BayesA is the same as BayesB when BayesB is run with pi = 0, where pi is the 
proportion of markers not included in the model. BayesB will perform better than BayesA 
when there are few individuals because pi can be set closer to 1 so fewer markers are fit, 
which means situations where more markers are fit than individuals can be avoided or 
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reduced (Gondro et al., 2013). The BayesC method has been shown to be less sensitive to 
priors for pi, and genetic and phenotypic variances than BayesB so is a good model to fit if 
there are not reliable estimates of these parameters (Habier et al., 2011). The thicker tails of 
the t distribution compared to the Normal distribution mean that BayesB is generally a good 
method to use when there are few, large QTN governing variation in the trait while BayesC 
is the generally more desirable method when the trait is known to be polymorphic with no 
large QTN (Gondro et al., 2013). 
 
2.4 Major Quantitative Trait Nucleotides for Traits of Economic Importance 
One benefit of the recent advances in molecular technology is the availability of 
genotypes at many tens or hundreds of thousands of loci on many thousands of animals, 
which has led to the identification of many QTN for economically important traits, including 
milk production traits in dairy cattle. 
The largest QTN found to influence milk production traits is a mutation in 
Diacylglycerol O-acyltransferase, commonly referred to as DGAT1. This QTN was found by 
Grisart et al. (2002) in populations of New Zealand and Dutch Holstein-Friesians and is a 
non-conservative ApA to GpC dinucleotide substitution in exon 8, corresponding to a Lysine 
to Alanine substitution, K232A. Since its discovery, it has been shown to affect milk fat yield 
and percent, milk protein yield and percent, and milk yield (Grisart et al., 2002)  across both 
Bos indicus and B. taurus populations (Kaupe et al., 2004). The allele that increases milk fat 
yield has been shown to decrease both protein yield and milk yield (Grisart et al., 2002). It is 
generally expected that QTN with a large effect on a selected trait will tend toward fixation 
faster than a QTN with a little or no effect on a selected trait because of the selective pressure 
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on that QTN (Falconer and Mackay, 1996). However, since the allele that increases milk fat 
yield also decreases milk protein yield and milk yield, the frequency of DGAT1 varies 
widely between different populations based on current and past selection on milk fat yield, 
milk protein yield, and milk yield (Spelman et al., 2002; Thaller et al., 2003; Ripoli et al., 
2006; Gautier et al., 2007). Grisart et al. (2002) showed that there is virtually no selective 
pressure on the K232A DGAT1 mutation in either the Dutch or New Zealand evaluation 
systems. There is evidence of further mutations within DGAT1 that also have a large impact 
on milk fat yield, such as a mutation discovered by Kuehn et al. (2004) in the promoter 
region of DGAT1. 
Another QTN found in many dairy cattle populations is located in the bovine Growth 
Hormone Receptor (GHR) gene located on chromosome 20 (Blott et al., 2003). The non-
conservative substitution identified by Blott et al. (2003) was a Phenylalanine to a Tyrosine 
substitution at the 279th amino acid (F279Y) that affects milk yield and milk composition. 
This mutation has a significant effect on the rankings of animals based on the selection 
indexes in both the Netherlands and New Zealand, and this has lead to the favorable F allele 
having a high frequency in both populations (Blott et al., 2003). This QTN is found in many 
dairy cattle populations around the world (Viitala et al., 2006; Jiang et al., 2010), however in 
some cases the minor allele frequency (MAF) is so low that it is difficult to get accurate 
estimates of the effect of GHR (Hradecka et al., 2008; Komisarek et al., 2011).  
While GWAS using high density genotypes are excellent at narrowing down genomic 
regions associated with traits of interest, it is not possible to identify causal mutations from 
GWAS studies alone. Association studies from both SNPs (Bouwman et al., 2011; Wang et 
al., 2012) and PCR-RFLPs (Zan et al., 2007) identified the 1-acylglycerol-3-phosphate 
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(AGPAT6) gene as having a high association with milk fat yield. Littlejohn et al. (2014) used 
an RNA-Seq experiment on mammary tissue to narrow down the causal mutation to one of 
10 variants within the AGPAT6 5’UTR exons 1 and 2, and the connecting intron. Fitting any 
one of the 10 variants was shown to remove significance at all other variants, suggesting 
these variants are in perfect LD with each other and that one of the variants is likely the 
causal mutation in AGPAT6. Allele frequencies at the likely causal mutations have not been 
widely examined in other populations so allele frequencies and selective pressure are not 
currently known for this QTN. 
Milk traits have been the focus of many GWAS in dairy cattle, however another 
important trait is body weight which is highly correlated with stature. A mutation in 
pleomorphic adenoma gene 1 (PLAG1) has been identified as a large QTN for stature in both 
B. taurus and B. indicus cattle breeds (Karim et al., 2011; Littlejohn et al., 2012; Utsunomiya 
et al., 2013). This QTN has an issue in that reliable assays for the QTN could not be 
generated by Littlejohn et al. (2012) however there is a SNP in intron 2 of PLAG1 that in 
New Zealand Holstein Friesians, Jerseys and their crosses, is in complete LD with the 
functional promoter polymorphisms. This SNP can be used as a tag SNP for evaluation of 
PLAG1 in those breeds. While this QTN is present in both B. taurus and B. indicus breeds, it 
has been shown that the favorable mutation originated in B. taurus and was introgressed into 
B. indicus during grading up and since then has been selected upon in B. indicus to the point 
where the favorable allele is common (Fortes et al., 2013). 
These are just four of many QTN that have been identified in dairy cattle that have 
the potential to be used to improve the accuracy of direct genomic values. 
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2.5 New Zealand Dairy Industry 
New Zealand’s system of dairy farming is different from the majority of dairy 
farming systems in the developed world. The climate and the availability of land in New 
Zealand has meant that a pasture-based system with limited additional feed is the most 
economically beneficial for farmers. The temperate climate of New Zealand means that it is 
feasible for cows to live outdoors year-round, which is not possible in most European and 
North American countries where temperatures regularly get well below freezing during the 
winter months. Grass grows throughout the year, albeit much slower during winter, so 
limited additional feed is required. Additional feed generally takes the form of hay or silage, 
which can easily be grown in New Zealand. Fossil fuel for cropping is expensive in New 
Zealand, while yields from crops such as maize and soybeans are limited due to climate. The 
relatively isolated location of New Zealand means that feed imports are not economically 
feasible due to very high shipping costs.  
The differences in dairy farming systems between New Zealand and North America 
or most of Europe mean that selection needs to be performed on a different index in the 
different regions and cattle that excel in one environment are unlikely to perform as well in a 
different environment. During the 1980s and 1990s there was a push to include more North 
American Holstein genetics into the New Zealand Holstein-Friesian population. A study by 
Dexcel of animals born in 1999 evaluated the effects of North American Holstein genetics 
compared to both New Zealand Holstein and New Zealand Friesian genetics. The study 
focused on milk yield, breeding worth and other phenotypes important to the dairy industry. 
This study found that New Zealand Holstein genetics performed better than North American 
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Holstein genetics in fertility and production in the low-input New Zealand dairy system, and 
were more profitable overall (Macdonald et al., 2007). 
Seven main traits are currently included in the Breeding Worth (BW) Index for New 
Zealand dairy cattle: milk fat, milk protein, milk yield, liveweight, fertility, somatic cell score 
and residual survival. Other traits that are included are: body condition score, gestation 
length, calving difficulty and persistency. 16 Traits Other than Production (TOP) are also 
considered, covering temperament, milking ease, and conformation, however these EBVs are 
not included in the calculation of BW. BWs are expressed at $ net farm income per 5,000 kg 
dry matter feed intake and is compared to a genetic base of cows born in the year 2000 
(DairyNZ, 2014). 
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3.1 Abstract 
Recent studies in US, Canadian and French dairy cattle have ignited debate over 
whether calf sex influences milk yield. North American studies on have shown milk yield is 
increased when either the calf born to initiate lactation or the calf in utero during a lactation 
is a female. The French study found a small effect of calf sex on milk yield in Holstein and 
Montbéliarde cows but in favor of males and concluded that this effect was too small to have 
any real effect on profit. 
This study investigated the effect of the three and four parity combinations of calf sex 
on total lactation milk yield in both Holstein Friesian and Jersey cows from New Zealand. 
Lactations one through three were analyzed separately using an animal model. Lactation 
length was additionally determined using an animal repeatability model to determine whether 
calf sex influenced lactation length. The final model was the animal model with sex-specific 
days-in-milk effect added. 
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In the initial animal models the main effect of the sex of the calf that initiated the 
lactation on milk yield was between 0.3 and 1.1% higher for females than males, depending 
on breed and lactation number. Calf sex in other parities also had an effect on milk yield as 
well as interactions between calves in different parities. Males had a shorter lactation length 
than females by between 1 and 3 days. After inclusion of days-in-milk into the animal model 
there were no parities that had an effect on lactation one or three milk yield in either breed 
but there was evidence the combination of calf sexes across parities had an effect. Lactation 
two milk yield was influenced by the sex of the calf that initiated the second lactation with no 
evidence of an interaction with calf sex in other parities. 
 
3.2 Introduction 
Hinde et al. (2014) found that cows who gave birth to a female calf had an increased 
subsequent 305-day milk yield compared to those who gave birth to a male calf, and this 
effect was observed in all five lactations investigated. The authors also discovered the 
combination of calf sex in the first parity and calf sex in the second parity has an effect on 
milk yield, with cows producing females in the first two parities having higher milk yield in 
both the first and second lactation than cows producing two males. The authors concluded 
that giving birth to two female calves resulted in a 2.7% increase in milk yield over the first 
two lactations compared to two male calves (Hinde et al., 2014).  
Hinde et al.’s (2014) results were not confirmed in a French study by Barbat et al. 
(2014) using French Holstein and Montbéliarde cows, however the model used was more 
extensive and based on the French genetic evaluation system (Robert-Granie et al., 1999) 
with the addition of a calf sex effect. This model was an animal repeatability model that 
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accounted for permanent environmental effects and found the opposite result to Hinde et al. 
(2014), a small benefit to milk yield (0.5%) in cows who gave birth to a male calf rather than 
a female calf in both breeds investigated. The authors concluded that the influence of calf sex 
on milk production across parities was too small to influence on profit. While this study fit a 
much more extensive model that is more in line with models analyzing milk production in 
industry than the model fit by Hinde et al. (2014), it is difficult to draw conclusions from this 
study because there is no indication of error associated with the estimates presented. 
A Canadian study by Beavers and Van Doormaal (2014) found that there was a 
benefit of having a daughter to milk production within each of  the first five lactations, 
however they found the effect was smaller at around 0.3%. The between-lactation results 
were in the same direction as the US results, with cows having two female calves having 
higher first lactation milk yield than cows having two sons, however this result is again 
smaller, representing an increase of only 0.3%, compared to 2.4% in US Holsteins. The 
cumulative benefit of having daughters compared to sons over two lactations was 0.4%, 
compared to the 2.7% benefit Hinde et al. (2014) found. The authors failed to include the 
model used for the analyses and the amount of error associated with any of the estimates, 
making it difficult to draw conclusions.  
This study aimed to determine whether calf sex has an impact on total milk yield in 
New Zealand Holstein Friesian and Jersey cows. Five models were investigated: an animal 
model for single lactation milk yield, a multiple linear model for single lactation milk yield 
without animal, an animal model for milk yield over the first two lactations, an animal 
repeatability model to determine whether calf sex has an impact on days-in-milk, and the 
animal model for single lactation milk yield with days-in-milk included as a fixed covariate. 
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3.3 Materials and Methods 
All lactation records for total lactation milk yield from 1995 until 2005 were obtained 
from Livestock Improvement Corporation for New Zealand Holstein Friesian and Jersey 
dairy cows. Parturitions between July and October, the peak calving season, were retained for 
lactations 1 – 3 for each animal. Lactations beginning with multiple births were excluded and 
each calf had to have been born alive then either raised, or sold. Duplicate records were 
deleted. Each animal with lactation 1 and 2 was required to have calf sex recorded for 
parities 1 through 3 to be included in the analysis. Animals with lactation 3 milk yield were 
required to have calf sex recorded for parity 4, in addition to parities 1 – 3.  
 
Model 1: Single Lactation Milk Yield 
After the filtering process there were 288 753, 271 007 and 13 622 Holstein Friesian 
cows for lactations 1 – 3 respectively and 96 347, 86 681 and 4 320 Jersey cows for 
lactations 1 – 3 respectively. An animal model was fit to estimate the effect of calf sex on 
total milk yield in lactations 1 – 3 separately:  
 =  + +  +  
where Yijk is total milk yield for the lactation of interest; Si is the fixed effect of calf sex, fit 
as either a three-way (for lactations 1 and 2) or four-way (for lactation 3) interaction between 
the calf sex for each  of the first three or four parities, respectively; HYj is the fixed 
interaction effect between herd and year of the lactation; Ak is the random effect of animal, 
estimated from the relationship matrix calculated from a 2-generation pedigree; and eijk is the 
residual error. LS means were calculated in ASReml (Gilmour et al.) and contrasts were 
calculated to estimate the main effect of calf sex in each parity. This model was additionally 
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fit without the relationship matrix to provide a comparable model to the one fit by Hinde et 
al. (2014). 
 
Model 2: Total Milk Yield Over First Two Lactations 
Model 1 was additionally fit for the sum of milk yield over the first two lactations. 
All cows must remain in the same herd for their first and second lactations and their second 
lactation must be in the year following their first lactation. This gave 150 710 Holstein 
Friesian cows and 49 577 Jersey cows. The changes to the definitions from the first model 
are: Yijk is the sum of milk yield for a single animal over the first two lactations; Si is the 
fixed effect of calf sex, fit as a three-way interaction between calf sex in each of the first 
three parities; HYj is the fixed interaction effect between herd and year of the first lactation.  
 
Model 3: Days-In-Milk  
Bull calves have been shown to have a longer gestation length than heifer calves 
(Fitch et al., 1924) so an animal repeatability model was fit to determine whether this 
corresponds to an effect of calf sex on days-in-milk. Each cow had to have days-in-milk 
recorded for at least two of the first three lactations. The model, run on 67 403 Holstein 
Friesian and 58 318 Jersey cows separately, was: 
 =  + +  +  +  
where Yijkl is the days-in-milk for a single lactation; Si is the fixed effect of the sex of the calf 
that initiates that lactation; HYj is the herd, year interaction for that lactation; Ak is the 
random effect of animal as described in Model 1; El is the random permanent environmental 
effect across lactations for an animal; and eijkl is the residual error. 
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Model 4: Milk Yield With Days-In-Milk 
Model 1 was expanded to include the interaction between days-in-milk, as a 
covariate, and the sex of the calf that initiated that lactation in order to determine whether 
days-in-milk accounts for any calf-sex effect observed in Model 1. Animals from Model 1 
were used in this analysis if their number of days-in-milk for that lactation was more than 
100 days, this gave 274 401, 117 233 and 12 347 Holstein Friesian cows for lactations 1 – 3 
respectively and 85 774, 84 960 and 4 197 Jersey cows for lactations 1 – 3. 
 
Significance 
Significance was determined based on a t-test where the difference in LS Means was 
divided by the standard error and compared to the t distribution with residual degrees of 
freedom given by ASReml. A threshold of p < 0.05 was used to declare significance. 
 
3.4 Results 
Model 1: Single Lactation Milk Yield 
In Holstein Friesians, lactation 1 milk yield was affected by first parity calf sex with 
giving birth to a female calf leading to a first lactation milk yield 29 ± 2 L higher than giving 
birth to a male calf (p << 0.001). The main effects of parity 2 and 3 calf sex did not have a 
significant effect on milk yield (p = 0.300, p=0.483, respectively). Fig. 1A shows that having 
three male calves over the three parities yields a significantly lower milk yield than any other 
combination of the three sexes over the three parities (3275 ± 7 L; p ≤ 0.020). Having a 
female calf in the first parity gives the highest first lactation milk yield regardless of the sex 
of calves in later parities (p ≥ 0.093). 
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The effect of calf sex on lactation 2 milk yield in Holstein Friesians shows a similar 
trend to the effect of calf sex on lactation 1 milk yield (Fig. 1A/2A), however in this case the 
main effects of calf sex in parities 1 – 3 are all significant (p ≤ 0.044). Having a female calf 
in parity 1 or 3 gives a 5 ± 3 L difference in lactation 2 milk yield, while having a daughter in 
parity 2 leads to a 41 ± 3 L difference in lactation 2 milk yield. As in lactation 1, lactation 2 
milk yield is the lowest when a cow has three male calves over the three parities (p ≤ 0.001) 
and is the highest when the calf that initiates the lactation (lactation 2) is a female, regardless 
of the calf sex in other parities (p ≥ 0.347). 
When considering main effects in Holstein Friesians, only parity 3 calf sex has an 
impact on third lactation milk yield, with an increase of 36 ± 13 L milk if a daughter is 
calved rather than a son. Figure 3 shows there is an interaction between calf sex in different 
parities. Parity 1 calf sex does not appear to have an impact on third lactation milk yield, 
contrary to reports by Hinde et al. (2014), because none of the estimates that differ only by 
first parity calf sex are significantly different from each other. While it was found that the 
main effect of calf sex in the third parity favors daughters, it is observed that when both 
second parity and fourth parity calves are females the direction of this effect is reversed with 
third parity males giving a higher third lactation milk yield, although this difference is not 
significant (Fig. 3).  
In Jerseys, first lactation milk yield was influenced by both first and second parity 
calf sex (p ≤ 0.045) but not influenced by third parity calf sex (p = 0.822). There are possibly 
interactions between calf sex in different parities, however more animals are needed to 
determine whether interactions are present (Fig. 1B) 
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Second lactation milk yield in Jerseys is affected by calf sex in the second parity (p < 
0.001) but not calf sex in the first or third parities (p ≥ 0.084) when considering the main 
effects. Figure 2B shows there are also interactions between calf sex across parities, however, 
with cows that have male calves across all three parities having a lower milk yield than other 
combinations of calf sex, especially when cows give birth to female calves in all three 
parities. 
Results for lactation 3 milk yield in Jerseys are very similar to results from lactation 
three Holstein Friesians. The main effects of sex of parity 1 and parity 4 calves are not 
significant (p ≥ 0.349) while milk yield is 36 ± 3 L higher for parity 2 female calves than 
parity 2 male calves (p = 0.012) and 30 ± 2 L higher for parity 3 female calves than parity 3 
male calves (p = 0.038). Parity 1 calf sex does not affect third lactation milk yield (Fig. 4). 
The effect of third parity calf sex when there are female calves in the second and fourth 
parities is reversed compared to other calf sex combinations in the second and fourth parities 
but this difference is much smaller than observed in Holstein Friesians. 
Models without animal gave consistent calf sex effect estimates to models with 
animal included so are not reported. One difference between the two types of models was the 
LS Means for each estimate was approximately 100 L higher in Holstein Friesians when 
animal was included in the model compared to when it was not, while this was reversed in 
the Jersey cows with milk yield estimates approximately 100 L lower when animal was 
included compared to when it was not. This difference is because of the population structure 
of the animals included in the analysis, which is important to take into account to lower bias.  
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Model 2: Total Milk Yield Over First Two Lactations 
While it is interesting to consider the effect of calf sex combinations within a 
particular lactation, it is more beneficial to consider the effect of calf sex combinations on an 
individual’s lifetime milk yield. In this study the calf sex combinations over the first three 
parities were considered for their effect on total milk yield over the first two lactations (Fig. 
5).  
In Holstein Friesians, giving birth to females in both the first two parities gives the 
highest total milk yield over the first two lactations, regardless of the sex of the calf in the 
third parity (p = 0.070). Giving birth to three males across the first three parities gives the 
lowest two-lactation milk yield and this is significantly different from milk yield from two 
males in the first two parities followed by a female in the third parity (p = 0.001). Any 
combination of a male calf and a female calf in the first two parities gave an intermediate 
two-lactation milk yield with neither birth order nor the sex of the calf in the third parity 
having a significant effect on two-lactation milk yield (p ≥ 0.147).  
In Jerseys, the main effect of parity 2 calf sex is 30 ± 6 L on two-lactation milk yield 
(p << 0.001) while parity 1 and 3 calf sex do not have an effect on two-lactation milk yield (p 
≥ 0.114). The highest two-lactation milk yield is observed when a cow gives birth to three 
females across the first three parities. The lowest two-lactation milk yield is observed when a 
cow gives birth to three males across the first three parities. The difference between the 
highest and lowest two-lactation milk yield is 57 ± 13 L (p << 0.001), which corresponds to a 
1% increase in two-lactation milk yield for having three daughters compared to three sons. 
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Model 3: Days-In-Milk  
The birth of a female calf initiates a lactation that is between 1.1 and 3.2 days longer 
than if the calf were male, depending on the breed of the cow and lactation number (Table 1). 
These results suggest that some of the effect of calf sex on lactation yield may be explained 
by the number of days-in-milk. 
 
Model 4: Milk Yield With Days-In-Milk 
When a days-in-milk and parity 1 calf sex interaction is included in Model 1 for 
lactation 1 in Holstein Friesians the main effects of calf sex in each parity are not 
significantly different from zero (p ≥ 0.642). There is some evidence of an interaction effect 
between calf sex in different parities having an effect on first lactation milk yield (Fig. 6A), 
with cows having two female calves in the first two parities followed by a male calf in the 
third parity having a significantly different first lactation milk yield than cows who have a 
female in the first parity followed by two male calves (p = 0.035). 
First lactation milk yield of Jersey cows is not affected by calf sex in any parity when 
a days-in-milk by parity 1 calf sex interaction is included in the model (p ≥ 0.386), with no 
difference in LS Means for any calf sex combination (Fig 6B). 
Adding the days-in-milk by parity 1 calf sex interaction to Model 1 causes first and 
third parity calf sex to no longer have a significant effect on second lactation milk yield (p ≥ 
0.409) while giving birth to a female compared to a male calf in the second parity gives a 67 
± 22 L higher second lactation milk yield (p = 0.002). When considering the effects of calf 
sex combination, having a male calf in all three parities is not significantly different from any 
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other combination with a male calf in the second parity (Fig. 7A), compared to when the 
days-in-milk by calf sex interaction is not included (Fig. 2A). 
When comparing each of the LS Means for lactation 2 milk yield in Jerseys, none of 
them are significantly different from each other (Fig. 7B), however, when considering the 
main effects, having a daughter in parity 2 increases milk yield by 19 ± 3 L compared to 
having a son in parity 2 (p << 0.001). 
In third lactation milk yield for both Holstein Friesians and Jerseys, the main effects 
of calf sex in each parity are not significant (p ≥ 0.077) but there are significant interactions 
(p ≤ 0.011), with calf sex having a significant effect on third lactation milk yield (Fig. 8, 9). 
The slopes for days-in-milk were significantly different between second parity calf 
sex for the second lactation in both Holstein Friesians and Jerseys (p ≤ 0.042). Differences in 
other lactations were not significant (p ≥ 0.079) but slopes were steeper in males than 
females for each lactation and breed except third lactation in Jerseys. This means that for 
each additional day of lactation their milk yield increases more than an additional day of 
lactation in females. This suggests that lactation curves may be different depending on 
whether the calf born to initiate the lactation is a male or a female. 
 
Heritability 
Heritability estimates ranged from 0.299 to 0.307 for Model 1 in Holstein Friesians 
and from 0.362 to 0.414 for Model 1 in Jerseys. Heritability of two-lactation milk yield was 
0.394 in Holstein Friesians, while it was 0.495 in Jerseys. Heritability of days-in-milk was 
0.012 in Holstein Friesians and 0.016 in Jerseys; with repeatability 0.085 and 0.126, 
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respectively. Heritability estimates increased for all lactations when days-in-milk was fit as a 
sex-specific covariate, with estimates ranging from 0.378 to 0.546. 
 
3.5 Discussion 
Sex of the calf that initiated the lactation and the combination of calf sex across the 
first three parities was shown to have an effect on total lactation yield for lactations 1 – 3 in 
New Zealand Holstein Friesian and Jersey cows. These results were consistent with findings 
in North American cows (Beavers and Van Doormaal, 2014; Hinde et al., 2014). The 
difference in milk yield from fitting females was intermediate between the results for the two 
North American studies, with a milk yield between 0.3 and 1.1% higher in females than 
males. The total milk yield over the first two lactations was 1.5% higher in Holstein Friesian 
cows who gave birth to three females over the three parities compared to three males and 
1.1% increase for Jerseys. Fitting a days-in-milk by sex of calf that initiated the lactation 
decreased the effect of calf sex in most lactations, however the effect of sex of second parity 
calf increased for second lactation milk yield, with cows who gave birth to females having a 
lactation 1.7% higher than cows who gave birth to males. 
Hinde et al (2014) claimed that having a female calf in the first parity gave increased 
milk production in later lactation, as well as the first lactation despite only investigating the 
first and second lactation yield. This study looked and milk yield over the first three 
lactations and showed that while first parity sex may have an effect on first and second 
lactation milk yield through either main effects or interaction effects with calf sex in other 
parities, there is no evidence that third lactation milk yield is influenced by calf sex in the 
first parity. 
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It was shown that lactation length is between 1 and 3 days shorter in female calves 
compared to male calves, depending on breed and lactation number. Bull calves have been 
shown to have a longer gestation time than heifer calves by approximately 2 days (Fitch et 
al., 1924) and this, combined with the strict 12-month lactation cycle needed in New 
Zealand, explains why lactation length must be shorter after a male calf is born rather than a 
female calf, to ensure the cow is able to calve at the same time the next year.  
The decrease in the effect of calf sex when sex-specific days-in-milk was fit in the 
model, along with a sex-specific slope for days-in-milk for some lactations, suggests that 
lactation curves may differ depending on the sex of the calf that initiates the lactation. 305-
day lactation yield is the trait used to determine milk yield in many countries and is 
calculated by measuring the volume of milk monthly throughout a lactation and using the day 
of the lactation the test was taken to estimate the slope at that time to determine 305-day 
lactation yield. If lactation curves are different depending upon whether a male or female calf 
initiated the lactation but this is not taken into account when calculating 305-day milk yield it 
is possible that male milk yield is being underestimated and female milk yield is being 
overestimated. This could potentially explain the difference observed of calf sex on lactation 
yield in the US and Canadian studies (Beavers and Van Doormaal, 2014; Hinde et al., 2014).  
An unexpected result in Holstein Friesian cattle was third parity calf sex having an 
impact on first lactation milk yield in the initial model through cows that gave birth to three 
male calves over three parities having a significantly different milk yield to all other 
combinations of sex over the three parities, including two males followed by a female. 
Biologically there should only be an effect from calves from previous lactations, the calf that 
was just born, or the calf in utero during the lactation. When days-in-milk is added to the 
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initial model third parity calf sex no longer has an impact on first lactation milk yield of 
Holstein Friesians, suggesting this is likely a false positive in the initial model. 
The US, French and Canadian studies all fit different models to estimate the effect of 
calf sex on lactation yield, and these models were all different to the models fit in this study. 
Hinde et al. (2014) fit an ARH1 covariance structure to model multiple lactations within an 
animal, while Barbat et al. (2014) fit an animal repeatability model. Beavers and Van 
Doormaal (2014) did not include their model in their report. Bradford et al. (2014) disagreed 
with the French model, claiming that the permanent environmental effect would pick up 
some of the effect of first parity calf sex across later lactations, causing it to be significant. 
This is not a major issue with the BLUP model used by Barbat et al. (2014) because BLUP is 
translation invariant and if calf sex is fit as a fixed effect any effect of sex will be picked up 
by the fixed effect rather than the permanent environmental effect. This study estimated sex 
effects for each lactation separately so no permanent environmental effect was fit and no 
covariance structure was needed to explain multiple lactations per animal since only one 
lactation was fit at a time. One improvement of the model used in this study over Hinde et 
al.’s (2014) was fitting the pedigree relationship matrix. This is an improvement because it 
accounts for population structure within the animals in the study which could lead to the 
over- or under-estimation of LS Means. When the pedigree relationship matrix was removed 
from the analysis the estimated effects of calf sex were similar to the initial model, however 
the LS Means were overestimated in Holstein Friesians and underestimated in Jerseys. This 
shows the importance of fitting the pedigree relationship matrix. 
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Effect on Genetic Gain 
The presence of an effect of calf sex on milk yield could potentially have an impact 
on genetic gain if the effect is large enough. There are two ways that this could influence 
genetic gain: the first being more accurate estimation of a cow’s breeding value, and the 
second, smaller benefit being on the use of sexed semen.  
The effect of calf sex on milk production is currently unaccounted for in selection 
systems. This means that any phenotypic variance explained by accounting for the sex of the 
calf is currently going into the residual variance. If we can include calf sex as a fixed effect 
in evaluation models, this will decrease the residual variance and therefore, since calf sex is 
not correlated with genetic variance, increase heritability of milk yield. This will in turn 
increase prediction accuracy and genetic gain, according to the Breeders equation (Lush, 
1937). While this sounds greatly beneficial in theory, in practice the gains from including 
calf sex in evaluation models are unlikely to be very large. The effect of calf sex itself is 
small, at only 1% of milk yield over two lactations and the costs associated with collecting 
information on calf sex, which is currently only collected for a small percentage of the 
population, will likely outweigh any benefit of including calf sex.  
Including information on calf sex could influence the ranking of cows when selecting 
dams of sires. Currently individual lactation records play a large part in determining which 
cows to use as dams of sires. If having two daughters can provide a large advantage over two 
lactations compared to having a calf of each sex, including calf sex information in the 
evaluation of dams of sires could have a big impact on the ranking of those dams, and 
therefore the genetic gain. Even if heritability is not sufficiently increased to affect profit, 
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ignoring important fixed effects introduces bias which reduces the effectiveness of selection, 
therefore it is important to correctly model data in order to decrease bias. 
The results reported herein, along with previously reported results, bring into question 
whether practices employed when using sexed semen need to be re-evaluated. It has been 
shown that it is most beneficial to only use sexed semen on heifers with high breeding values 
because this is the group of animals with the highest fertility rates who need to be producing 
the cows that will be replacing the older cows and those with lower breeding values (Weigel, 
2004). High fertility rates are an important requirement when using sexed semen because the 
sorting process damages the sperm to some extent which lowers viability (Garner and Seidel, 
2008). Since female calves have a favorable effect on milk yield, there is the possibility for 
the producer to increase profit by increasing the use of sexed semen. This would have a two-
fold effect: increasing milk yield directly by having daughters, and having a greater number 
of female calves, thereby increasing the selection intensity of dams of dams. However, this 
advantage is not likely to be profitable as the effect of calf sex is so minimal that, due to the 
increased cost and reduced conception rate of sexed semen compared to unsexed semen, the 
increased milk yield is not likely to cover the additional cost of the sexed semen. 
 
Biological Mechanism 
If milk yield differs based on calf sex, an important question to explore is the 
biological mechanism behind this difference. It has been shown that there is a sex bias in 
dairy cattle that is in favor of males, with approximately 53% of calves born being male (del 
Rio et al., 2007). It is therefore conceivable that, in order to ensure survival of the females, 
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and balance the sex ratio in the population, a biological mechanism could have evolved to 
increase milk yield if the calf was female. 
One candidate hormone is insulin-like peptide 3 (INSL3) which has been shown to be 
differentially expressed in both the mother and fetus, depending on whether the calf in utero 
is male or female (Anand-Ivell et al., 2011). INSL3 is involved in testicular development in 
males (Ivell and Bathgate, 2002), and. Female transgenic mice that overproduce INSL3 have 
problems in ovary development (Adham et al., 2002) and humans with polycystic ovarian 
syndrome have been shown  to have almost double the normal level of INSL3 (Havelock et 
al., 2005). Anand-Ivell et al. (2011) showed that INSL3 is undetectable in female fetuses, 
while it is present in very high levels in male fetuses, at almost the same levels as in adult 
bulls. INSL3 levels decrease in the mother in mid-lactation when the fetus is a female while 
they increase at this time point in males. INSL3 remains at these levels until the end of the 
pregnancy. The authors explained these results by claiming that in males the fetus produces 
so much INSL3 that it flows into the mother and increases her INSL3 levels, while the 
decrease in INSL3 in the mother gestating a female calf is due to her down-regulating her 
own INSL3 production. While this is one explanation, it is also plausible that INSL3 
production is up-regulated by the mother when she is gestating a male and down-regulated 
when gestating a female to ensure the optimal conditions for development of reproductive 
organs in the calf depending on its sex. The presence of different effects of milk yield for the 
combinations of calf sex across parities in New Zealand and North American dairy cattle 
(Beavers and Van Doormaal, 2014; Hinde et al., 2014) is indicative that any change in 
hormones is likely to permanently affect the base level of hormones in the mother and 
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therefore calf sex is likely to cause a change in how the mother regulates those hormones 
herself. 
Anand-Ivell et al. (2011) showed that INSL3 was a hormone that was differentially 
expressed in both mother and calf depending on the sex of the calf, however this is only half 
of the story because it then has to be shown to have an effect on milk yield. Although INSL3 
has not been shown to directly influence milk yield, INSL3 levels in humans are positively 
correlated with luteinizing hormone levels (Bay et al., 2005), which have been shown to have 
a negative correlation with milk yield in dairy cattle (Stevenson and Britt, 1979). Other 
members of the insulin-like peptide family have been shown to affect mammary development 
and lactation yield in mice (Hadsell, 2004), which bolsters the case that INSL3 or a member 
of its protein family may be responsible for the observed effect of calf sex on milk yield. 
INSL3 or other members of this protein family are prime candidates for explaining 
how calf sex could influence milk yield but more research is needed to resolve the biological 
mechanism behind the observed difference in milk yield depending on calf sex combinations. 
Other candidates that could explain the difference are testosterone and other growth 
hormones, however it has been found that, while the abundance of androgens is different in 
the human fetus dependent on sex, this difference is not observed in the mother’s uterus 
(Rivarola et al., 1968). 
While it is possible that the results are due to different endocrine effects from 
gestating a female rather than a male, it is also possible that the results are due to 
confounding with another variable not measured, or not measured to the correct accuracy. 
Dystocia, a prolonged or difficult parturition, is associated with decreased milk 
production (Dematawewa and Berger, 1997). Male calves are, on average, heavier than 
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female calves (Gianola and Tyler, 1974) and this leads to a higher frequency of dystocia in 
male calves compared to female calves (Dematawewa and Berger, 1997). This study, as well 
as the USA, Canadian and French studies, all dealt with dystocia by removing lactations 
where the parturition had a calving difficulty score higher than some threshold (Barbat et al., 
2014; Beavers and Van Doormaal, 2014; Hinde et al., 2014), which tended to be whether or 
not assistance was necessary at the birth. There is the possibility that some instances of 
dystocia were missed and the birth process was traumatic enough to lower the cow’s milk 
production but was not difficult enough for intervention. If this is the case then the sex bias 
found in the US and Canadian studies mentioned above could potentially be due to 
unidentified dystocia.  
The effect of dystocia could also explain why calf sex in previous lactations has an 
effect on milk yield since any birthing complications could leave a lasting physiological 
effect that is currently not taken into account. A solution to this would be to re-define the 
classification of dystocia into a greater number of groups based on the problem encountered 
during parturition, the level of assistance needed, and the presence of parturition difficulties 
in previous lactations. 
 
3.6 Conclusions 
This study identified a small effect of calf sex on total milk yield in New Zealand 
Holstein Friesian and Jersey cows. The effect was present both within parity, with first parity 
calf sex affecting first lactation milk yield, and across parity, with calf sex combination 
across three parities having an effect on a single lactation milk yield. Fitting days-in-milk as 
a sex-specific covariate based on the sex of the calf that initiated that lactation removed the 
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effect of calf sex for lactations 1 and 3 but the calf sex effect on lactation 2 remained. The 
slope of days-in-milk for the two sexes were significantly different for lactation 2 in both 
breeds, indicating that lactation curves may have a different shape in males and females, 
which would have important ramifications in terms of calculation of 305-day milk yield if 
proven to be different. INSL3 was identified as a hormone that could be responsible for the 
difference in calf sex due to its proven differential concentrations in mothers gestating male 
and female calves as well as its relationship with luteinizing hormone which is associated 
with decreased milk production. 
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3.10 Tables and Figures 
 
Table 3.1: Effect of Calf Sex on Number of Days in Milk by Breed and Lactation 
Breed Lactation Mean Days in Milk (Female Calf; L) 
Mean Days in Milk 
(Male Calf; L) 
Sex Difference for Days 
in Milk (F – M; L)1 
Holstein 
Friesian 
1 235.8 (0.2) 234.1 (0.2) 1.6 (0.2)  
2 231.8 (0.2) 228.8 (0.2) 3.1 (0.2)  
3 229.3 (0.7) 226.9 (0.6) 2.4 (0.7)  
Jersey 
1 233.1 (0.3) 230.2 (0.3) 2.8 (0.5)  
2 235.4 (0.3) 234.3 (0.3) 1.1 (0.1)  
3 233.9 (0.6) 230.7 (0.6) 3.2 (0.7)  
1
 Sex difference is significantly different from zero with p < 0.001 for all comparisons 
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Figure 3.1: LS Means and Standard Errors for Effect of Calf Sex Combination Across 
the First Three Parities on First Lactation Milk Yield in Holstein Friesian (A) and 
Jersey (B) Cows. Lactation records from Holstein Friesian (A) and Jersey (B) cows were 
analyzed to determine the effects of calf sex across the first three parities on total first 
lactation milk yield. In Holstein Friesians, giving birth to a daughter to initiate the first 
lactation increases first lactation milk yield compared to giving birth to a son but there is no 
effect of calf sex of later parities influencing first lactation milk yield unless all three parities 
produce a male calf, in which case milk yield decreases. In Jerseys cows who have two 
female calves across the first two parities have higher first lactation milk yields than cows 
who have two male calves in the first two lactations. 
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Figure 3.2: LS Means and Standard Errors for Effect of Calf Sex Combination Across 
the First Three Parities on Second Lactation Milk Yield in Holstein Friesian (A) and 
Jersey (B) Cows. Lactation records from Holstein Friesian (A) and Jersey (B) cows were 
analyzed to determine the effects of calf sex across the first three parities on total second 
lactation milk yield. Giving birth to a female calf in the second parity gives higher milk 
production than giving birth to a male calf regardless of calf sex in the first or third parity for 
Holstein Friesians. The same trend is present in Jerseys except when there is a male in the 
first parity and female in the third parity where there is no significant difference in milk yield 
of second parity calf sex. In both breeds, having males in all three parities gives the lowest 
second lactation milk yield. 
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Figure 3.3: LS Means and Standard Errors for Effect of Calf Sex Combination Across 
the First Four Parities on Third Lactation Milk Yield in Holstein Friesian Cows. 
Lactation records from Holstein Friesian cows were analyzed to determine the effects of calf 
sex across the first four parities on total third lactation milk yield. Bars on the left of each 
panel represent the effect averaged over parity 1 calf sex (•). Panels are distinguished based 
on the combination of calf sex in parities 2 and 4. Parity 1 calf sex does not affect third 
lactation milk yield because estimates for calf sex combinations differing only by first parity 
calf sex are not significant from each other. Parity 3 calf sex affects third lactation milk yield, 
with daughters producing more milk than sons regardless of calf sex in the other parities 
except when second and fourth lactation calves are both females where males calves lead to 
higher milk yield, although this difference is not significant. This suggests there are 
interactions between calf sexes in different parities beyond simple addition of effects across 
the parities. 
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Figure 3.4: LS Means and Standard Errors for Effect of Calf Sex Combination Across 
the First Four Parities on Third Lactation Milk Yield in Jersey Cows. Lactation records 
from Jersey cows were analyzed to determine the effects of calf sex across the first four 
parities on total third lactation milk yield. Bars on the left of each panel represent the effect 
averaged over parity 1 calf sex (•). Panels are distinguished based on the combination of calf 
sex in parities 2 and 4. Parity 1 calf sex does not affect third lactation milk yield because 
estimates for calf sex combinations differing only by first parity calf sex are not significant 
from each other. Parity 3 calf sex affects third lactation milk yield, with daughters producing 
more milk than sons regardless of calf sex in the other parities except when second and 
fourth lactation calves are both females where milk yield estimates are very similar. These 
results suggest there are interactions between calf sexes in different parities beyond simple 
addition of effects across the parities. 
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Figure 3.5: LS Means and Standard Errors for Effect of Calf Sex Combination Across 
the First Three Parities on the Sum of First and Second Lactation Milk Yield in 
Holstein Friesian (A) and Jersey (B) Cows. Lactation records from Holstein Friesian and 
Jersey cows were analyzed to determine the effect of calf sex combination on milk yield over 
the first two parities. The highest milk yield was observed when three females were born 
across the first three parities while the lowest milk yield was observed when three males 
were born across the first three parities. Cows with one male and one female calf in the first 
two parities had  an intermediate milk yield to those with two of the same sex. 
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Figure 3.6: LS Means and Standard Errors for Effect of Calf Sex Combination Across 
the First Three Parities on First Lactation Milk Yield in Holstein Friesian (A) and 
Jersey (B) Cows When Days-In-Milk is Fit. Lactation records from Holstein Friesian (A) 
and Jersey (B) cows were analyzed to determine the effects of calf sex across the first three 
parities on total first lactation milk yield when Days-in-Milk was fit for each first parity calf 
sex in addition to the calf sex combination. The addition of days-in-milk to this model means 
the effect of first parity calf sex is no longer significant, however this may change with the 
addition of more animals. 
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Figure 3.7: LS Means and Standard Errors for Effect of Calf Sex Combination Across 
the First Three Parities on Second Lactation Milk Yield in Holstein Friesian (A) and 
Jersey (B) Cows When Days-In-Milk is Fit. Lactation records from Holstein Friesian (A) 
and Jersey (B) cows were analyzed to determine the effects of calf sex across the first three 
parities on total second lactation milk yield when Days-in-Milk was fit for each first parity 
calf sex in addition to the calf sex combination. The addition of days-in-milk to this model 
removes the effect of first and third parity calf sex. Second parity calf sex has a significant 
effect on second lactation milk yield in both Holstein Friesians and Jerseys, even though 
when it is split up into the calf sex combinations second parity males are not significantly 
different from second parity females in Jerseys due to small numbers and a smaller effect 
than in Holstein Friesians. 
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Figure 3.8: LS Means and Standard Errors for Effect of Calf Sex Combination Across 
the First Four Parities on Third Lactation Milk Yield in Holstein Friesian Cows When 
Days-In-Milk is Fit. Lactation records from Holstein Friesian cows were analyzed to 
determine the effects of calf sex across the first four parities on total third lactation milk yield 
when Days-in-Milk was fit for each first parity calf sex in addition to the calf sex 
combination. Bars on the left of each panel represent the effect averaged over parity 1 calf 
sex (•). Panels are distinguished based on the combination of calf sex in parities 2 and 4. 
Having a female calf in the third lactation gives a significant increase in third lactation milk 
production compared to having a male but the size of this difference depends on the sex of 
parity 2 and 4 calves. There is no evidence of an impact of first lactation calf sex on third 
lactation milk yield. 
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Figure 3.9: LS Means and Standard Errors for Effect of Calf Sex Combination Across 
the First Four Parities on Third Lactation Milk Yield in Jersey Cows When Days-In-
Milk is Fit. Lactation records from Jersey cows were analyzed to determine the effects of 
calf sex across the first four parities on total third lactation milk yield when Days-in-Milk 
was fit for each first parity calf sex in addition to the calf sex combination. Bars on the left of 
each panel represent the effect averaged over parity 1 calf sex (•). Panels are distinguished 
based on the combination of calf sex in parities 2 and 4. These estimates are reversed based 
on the other models with third parity males being the favored sex for third lactation milk 
yield. First parity calf sex has no effect on third lactation milk yield because estimates that 
differ only by first lactation calf sex are not significantly different from each other. There is 
an interaction between calf sexes in the second to fourth parities on third lactation milk yield. 
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CHAPTER IV 
 
QUANTIFYING GENETIC EFFECTS OF FOUR MAJOR QUANTITATIVE TRAIT 
NUCLEOTIDES FOR MILK FAT YIELD AND THEIR IMPACT ON ACCURACY 
AND BIAS OF GENOMIC PREDICTION MODELS 
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4.1 Abstract 
Background  
The decreasing cost of high-density genotypes has increased their use in genomic 
prediction and meant that genome-wide association studies are identifying more and more 
genomic regions associated with traits of economic importance. Accuracy and bias of 
genomic prediction has great economic impact on the dairy industry, therefore it is critical to 
maximize accuracy and minimize bias with information at hand. Inclusion of causal 
mutations as features for genomic prediction may help in these endeavors. 
Methods  
In addition to genome-wide SNPs, seven SNPs were analyzed across 4,801 Holstein 
Friesian and 7,495 KiwiCross cows, consisting of three Quantitative Trait Nucleotides 
(QTN) for milk fat yield: DGAT1, GHR, and AGPAT6; a QTN for stature: PLAG1; and 
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three control SNPs with no effect on milk fat yield. A base model of 35,000 SNPs was run in 
GenSel using BayesB for Holstein Friesian and KiwiCross separately. In addition to the base 
model, for each QTN, 1) QTN dosage was fit as a random covariate, or 2) QTN dosage was 
fit as a fixed covariate, or 3) QTN genotype was fit as a fixed class. Two-way and four-way 
interaction models were also evaluated for the four QTN in the fixed class model to test for 
epistasis.  
Results  
Dominance was observed at DGAT1 and AGPAT6 in both breeds and at PLAG1 in 
Holstein Friesians. Genomic predictions from different models were almost perfectly 
correlated.  Any significant effects on accuracy were too small to make a noticeable 
difference to genetic gain. Fitting QTN decreased the bias of estimates in some cases. 
Epistatic effects were not significant at a significance level of 0.01, however fitting epistatic 
effects decreased bias in some cases. 
Conclusions  
Including QTN in genomic selection models for milk fat yield has minimal impact on 
prediction accuracy but can decrease prediction bias, with fitting AGPAT6 as a fixed class 
effect decreasing bias from 1.154 to 1.007, compared to not including AGPAT6 in breeding 
value estimation. Including QTN in genomic selection models has the potential to produce 
better estimates of direct genomic values. 
 
4.2 Background 
Improvements in genotyping technology have meant that genomic selection using 
tens or hundreds of thousands of single nucleotide polymorphisms (SNPs) has become an 
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affordable way to evaluate animals for selection. In genomic prediction, the merit of an dairy 
cow or bull who typically does not have phenotypic records is estimated. This is 
accomplished by summing genotype effects, estimated from a group of genotyped animals 
with measured phenotypes or measured phenotypes on many offspring (Meuwissen et al., 
2001). The sum of these genetic effects is the individual’s direct genomic value (DGV). 
Accurate and unbiased DGVs calculated using genomic prediction methods will minimize 
the need for large-scale phenotyping on all selection candidates (Meuwissen et al., 2001), 
reducing costs associated with selection. There are additional advantages of genomic 
selection in dairy cattle in terms of reducing the generation interval because bulls are able to 
be selected as soon as a DNA sample is able to be collected for genotyping instead of waiting 
until after daughters have been performance tested in their first lactation, typically when the 
bulls are five years old (Schaeffer, 2006). 
The thousands of animals each genotyped or imputed at hundreds of thousands of loci 
has allowed genome wide association studies (GWAS) to identify narrow regions of the 
genome that are associated with particular traits. These narrow regions can then be further 
studied to identify causal mutations, meaning that quantitative trait nucleotides (QTN) are 
now being identified much more frequently than in the past. Various QTN have been 
identified across many different species and traits (Grisart et al., 2002; Thomsen et al., 2004; 
Johnson et al., 2009) and there is the potential to use that information to increase the 
accuracy and decrease bias of current genomic prediction methods.  
Accurate and unbiased predictions are of critical importance to the success of 
genomic selection methods. The accuracy of estimated breeding values (EBVs) at selection 
age is directly related to the rate of genetic gain in a population, according to the breeder’s 
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equation (Lush, 1937), therefore, increasing the accuracy of genomic prediction has direct 
monetary returns when traits of economic importance are considered. Bias is critical because 
if breeding values are over- or under-estimated then genetic gain is also over- or under-
estimated which has the potential to alter economic decisions of both the group performing 
the selection and any customers relying on accurate estimates of genetic gain. It has been 
shown that genetic gain from genomic selection has not been as high as expected due to bias 
of the initial estimates (Spelman et al., 2010). Bias can come from many sources, however a 
large amount of bias could be due to averaging the effect of dominance over the three 
possible genotypes. Decreasing the bias of EBVs will be beneficial to both the groups 
performing the genomic selection as well as customers who are getting what they are 
promised in terms of genetic gain. Accurate and unbiased EBVs are even more important 
when there are multiple generations of young, unproven parents in a pedigree, as can happen 
in the dairy industry, because slight over- or under-estimates of EBV can accumulate through 
the pedigree to bias estimates quite significantly. 
Due to the economic importance of milk fat yield, it has been a central trait for many 
GWAS analyses (Jiang et al., 2010; Cole et al., 2011; Guo et al., 2012). Three QTN for milk 
fat yield, initially identified from GWAS then causal mutations discovered through further 
investigation, are Diacylglycerol O-acyltransferase (DGAT1) (Grisart et al., 2002), growth 
hormone receptor (GHR) (Blott et al., 2003), and 1-acylglycerol-3-phosphate (AGPAT6) 
(Littlejohn et al., 2014). DGAT1 encodes a transmembrane protein that catalyzes the 
conversion of diacylglycerol and fatty acyl CoA to triacylglycerol (Coleman and Lee, 2004). 
DGAT1 knockout mice have been shown to have resistance to obesity induced by a high-fat 
diet as well as being incapable of lactating (Smith et al., 2000). GHR is a gene for a 
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transmembrane receptor for growth hormone which activates both intra- and intercellular 
growth signal transduction pathway. GHR knockout mice have growth retardation as well as 
mammary gland development problems (Kelly et al., 2002). AGPAT6 plays a role in 
triglyceride synthesis prior to DGAT1 and is involved in the conversion of lysophosphatidic 
acid to phosphatidic acid (Coleman and Lee, 2004). Mice with AGPAT6 knocked out 
produce milk with depleted diacylglyerol and triacylglycerol levels and have underdeveloped 
mammary glands (Beigneux et al., 2006). 
There is also the possibility of using QTN for correlated traits to improve genomic 
predictions. While selection is typically on an index, QTN for correlated traits could 
potentially be used to improve predictions using QTN for traits that are difficult to measure 
and therefore don’t appear in the index. A mutation in pleomorphic adenoma gene 1 
(PLAG1) has been identified as a large QTN for stature in both Bos taurus and Bos indicus 
cattle breeds (Karim et al., 2011; Littlejohn et al., 2012; Utsunomiya et al., 2013). Stature has 
been shown to have a moderate correlation with milk fat yield (Brotherstone, 1994) and 
bodyweight is one of the main traits in the New Zealand breeding objective, making PLAG1 
an ideal candidate for use in an attempt to improve accuracy and bias of milk fat yield DGVs. 
PLAG1 is a transcription factor that is developmentally regulated, with PLAG1 knockout 
mice shown to suffer from slow growth rates, dwarfism and low fertility (Hensen et al., 
2004).  
The objective of this study was to estimate effects of four QTN in the New Zealand 
dairy cattle population and determine if including these QTN in genomic prediction models 
increases accuracy or decreases bias of DGVs. 
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4.3 Methods 
This study focused on two popular breeds of dairy cattle in New Zealand: Holstein 
Friesians and KiwiCross. KiwiCross is an open, synthetic breed, made up of cattle with both 
Holstein Friesian and Jersey ancestry. Deregressed Estimated Breeding Values (DEBV) for 
milk fat yield, calculated according to Garrick et al. (2009), were collected from 4801 
Holstein Friesian and 7495 KiwiCross bull dams with high breeding values. Each cow was 
genotyped at 20 000 SNPs on the GeneSeek Genomic Profiler Low Density version 2 
BeadChip including LIC custom SNPs (GGP_LD), then imputed in BEAGLE (Browning and 
Browning, 2009) to a validated subset of 35 000 (35k) SNPs present on both the Illumina 
BovineHD BeadChip and the Illumina Bovine50k BeadChip. The base population for 
imputation consisted of 6834 sires and 1199 of their dams with 50k genotypes in addition to 
GGP_LD genotypes. Imputation was performed across breeds and SNPs were filtered both 
within and across breeds based on call rate (>90%), minor allele frequency (>2%), Hardy-
Weinberg frequency (differed by less than 15% from the expected frequency) and imputation 
accuracy (>90%). 
Four of the LIC custom SNPs from the GGP_LD panel were the focus of this study: 
the known causal mutations in DGAT1 (Grisart et al., 2002) [NCBI:rs109234250], and GHR 
(Blott et al., 2003) [NCBI:rs385640152], a SNP with a high association with milk fat yield in 
AGPAT6 [NCBI:rs208675276], and a tag SNP for the PLAG1 mutation 
[NCBI:rs109815800]. Minor allele frequency and χ2 p-values for Hardy Weinberg 
equilibrium were calculated for each of the four QTN.  
A base model was run to estimate DGV from the 35k SNPs, relying on SNPs in LD 
with the QTN to pick up QTN effects. This, and the following models, were run using Bayes 
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B in GenSel (Fernando and Garrick, 2009) with 2.5% of SNPs assumed to have an effect on 
the trait. The analyses were run with chains of 21 000 iterations, including 1000 that were 
discarded for burn in. The prior genetic variance was 83 and prior phenotypic variance was 
612 for all models, based on posteriors from a BayesC analysis. Five-fold cross-validation 
was used to evaluate model performance. Genotyped cows were ranked by birth year then 
split equally into five groups so each birth year was evenly represented in each validation 
group. 
Three additional models were run to estimate DGV on each of the four QTN: 1) 
Random Covariate Model: 35k set of SNPs plus allele dosage of the QTN fit as a random 
covariate; 2) Fixed Covariate Model: 35k set of SNPs plus allele dosage of the QTN fit as a 
fixed covariate; and 3) Fixed Class Model: 35k set of SNPs plus QTN genotype fit as a fixed 
class. These three models were also run on three control SNPs: CHR4 [NCBI: rs110997624], 
CHR8 [NCBI:rs43581505] and CHR11 [NCBI: rs42940368]; randomly chosen from the 35k 
SNPs in intragenic regions with a very small effect on milk fat yield according to the base 
model. These three SNPs are not known to be correlated with any selected trait but were 
included as a control to compare the results when looking at a QTN to the results when 
looking at a genomic region not associated with milk fat yield. 
The genetic variance explained by the 1 Mb window containing one of the QTN in 
the Random Covariate Model quantified the effect of that QTN. The allele substitution effect 
(α) was estimated from the Random Covariate Model as the regression coefficient for QTN 
dosage. The Fixed Class Model was used to estimate classical additive (a) and dominance (d) 
effects at each QTN by computing relevant linear contrasts of genotype class estimates. The 
significance test for α, a and d was a z test where the mean was calculated across all 
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iterations of the Markov chain and divided by the standard deviation. This was then 
compared against the z distribution to get a p-value which was deemed significant if less than 
0.01.  
In addition to the above models, the random covariate, fixed covariate and fixed class 
models were run with all four QTN fit simultaneously and no interactions included. An 
interaction model was run consisting of the interaction between all four QTN fit as a single 
fixed effect. Only QTN genotype combinations that were present in at least 10 cows of that 
breed were included to ensure accurate estimation of effects. Six two-way interaction models 
were run consisting of the 35k set of SNPs plus each combination of two QTN and their 
interaction fit as fixed classes. 
Models were compared according to their accuracy and bias. Accuracy was defined 
as the pooled correlation between DGV and DEBV divided by the square root of heritability 
(0.35): 
̂ = ∑  − 1	 !,#$ !
%&'
(∑  − 1	#$ !)%&' ×∑  − 1	 !)%&' √0.35
 
Bias was represented as the pooled regression coefficient of DEBV on DGV with the 
optimum value being 1, indicating no bias:  
01 = ∑  − 101 !
%&'
(∑  − 1	#$ !)%&' × ∑  − 1	 !)%&'
 
Paired t-tests were used to compare the correlation and regression coefficients for each model 
to those in the base model when considering models that did not involve interactions. Tests 
were paired according to the validation set because animals were always in the same cross-
validation group. A p-value cut off of 0.01 was used to determine significance.  
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Accuracy and bias of the six two-way interaction models were compared to the Fixed 
Class Model corresponding to each of the QTN included in the interaction model. The 
interaction effects were calculated and deemed significant based on the z statistic described 
above for significance testing of α, a and d. 
 
4.4 Results and Discussion 
Minor Allele Frequency and Hardy Weinberg Equilibrium 
Minor allele frequency was greater than 0.05 for all QTN in both Holstein Friesians 
and KiwiCross (Table 4.1). When selection has taken place one of the assumptions of Hardy 
Weinberg equilibrium has been broken, meaning that it is possible QTN will no longer be in 
Hardy Weinberg equilibrium. AGPAT6, DGAT1 and PLAG1 deviate from Hardy Weinberg 
equilibrium in both breeds while GHR deviates from Hardy Weinberg in Holstein Friesians 
but not KiwiCross (Table 4.1). The control SNPs were almost all in Hardy Weinberg 
equilibrium except the CHR8 SNP in KiwiCross (Table A1). The individuals in this study are 
dams of high-ranking yearling bulls, so they have undergone intense selection, explaining 
why QTN for traits in the selection index, such as milk fat yield, may not be in Hardy-
Weinberg equilibrium. Another reason why the SNPs may not be in Hardy Weinberg 
equilibrium for the KiwiCross cows is because they are not part of a closed population. Due 
to KiwiCross bring a mixed breed, KiwiCross cows could have parents from Holstein 
Friesian, Jersey or KiwiCross breeds, each of which have different allele frequencies which 
violates one of the assumptions of Hardy Weinberg equilibrium.  
QTN Magnitude 
The 1Mb window containing DGAT1 explained the highest percentage of the genetic 
variance across both breeds while the 1Mb window containing PLAG1 explained the least 
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genetic variance in Holstein Friesians and the 1Mb window containing GHR explained the 
least genetic variance in KiwiCross (Table 4.2). The 1Mb window containing DGAT1 was 
expected to explain the most genetic variance because it is known to be the largest QTN. The 
1Mb window containing each of the control SNPs all explained a very low proportion of the 
genetic variance, ranging from 0.01% to 0.05% (Table A2).  
Allele Substitution Effects 
The magnitude of the allele substitution effects, α, were similar across the two breeds 
for each QTN. Allele substitution rates for AGPAT6, DGAT1 and GHR were significantly 
different from zero across both breeds with the allele substitution rate for PLAG1 being 
significantly different from zero in KiwiCross but not Holstein Friesian cows (Table 4.2). 
The allele substitution effects for the three control SNPs were all small and not significantly 
different from zero (Table A2).  
Additive Effects 
The estimates of the additive effect, 2, were significantly different from zero for all 
QTN in Holstein Friesians but only significantly different from zero for AGPAT6 and 
DGAT1 in KiwiCross. The magnitude of additive effects were similar across both breeds 
with DGAT1 having the highest additive effect followed by GHR (Table 4.2). None of the 
additive effects of the control SNPs were significantly different from zero (Table A2). 
Dominance Effects 
Significant dominance was observed at AGPAT6 and DGAT1 in both Holstein 
Friesian and KiwiCross breeds with PLAG1 showing significant dominance only in Holstein 
Friesians (Table 4.2).  
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Due to AGPAT6 being a recently discovered QTN for milk fat yield (Littlejohn et al., 
2014) this is the first instance of dominance being reported. Both additive and dominance 
effects for AGPAT6 were very similar across the two breeds in this study with dominance 
observed in both breeds. There is evidence for over-dominance at AGPAT6 because the 
dominance effect is significantly larger than the additive effect (p-value = 0.029 Holstein 
Friesian; p-value = 0.005 KiwiCross).  
A study of 529 Holstein Friesian cows in New Zealand observed slight negative 
dominance at DGAT1 for milk fat yield, however this dominance was not significant (Grisart 
et al., 2002). A study of German Holstein cattle showed negative dominance at DGAT1 for 
milk fat yield (Kuehn et al., 2007) which is consistent with the findings in this study. 
Dominance at DGAT1 was acting in different directions in the two breeds, with negative 
partial dominance in Holstein Friesians and positive partial dominance in KiwiCross. 
Dominance at GHR has not been well-reported. The low minor allele frequency of 
GHR in most populations has meant that significant dominance is not easily found, 
particularly in studies with low numbers of individuals. In this study, dominance is not 
significant in either breed and this, coupled with the small numerical value of dominance in 
respect to the additive effects for GHR, suggests that there is no dominance at GHR. 
The detection of dominance at PLAG1 with respect to milk fat yield is consistent with 
findings by Littlejohn et al. (Littlejohn et al., 2012) showing dominance at PLAG1 with 
respect to stature. This study suggests complete dominance at PLAG1 in Holstein Friesians 
because there is no evidence that PLAG1 heterozygotes have a different mean milk fat yield 
to QQ homozygotes (p-value = 0.51). 
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None of the dominance effects of the control SNPs were significantly different from 
zero (Table A2). 
The majority of genomic prediction models sum allele substitution effects over all 
loci. Such models average the dominance effect over the three possible genotypes, weighted 
by genotype frequency, but fail to model the dominance deviations. Milk fat yield is a trait of 
much economic importance to producers in many countries and with the presence of 
dominance at multiple large QTN for this trait, accurately modelling dominance could 
potentially increase the accuracy of prediction. Including QTN as a fixed class effect in 
genomic prediction models would best utilize this dominance information. 
 
Model Accuracy and Bias 
The base model for Holstein Friesians, fitting only 35k SNPs, has an accuracy of 
0.687 and the base model for KiwiCross has an accuracy of 0.573. The regression coefficient 
of DEBV on DGV for the base model in both breeds is 1.154, indicating some bias in DGVs. 
Accuracy is universally higher in the Holstein Friesian models than it is in the KiwiCross 
samples. This can be explained by considering KiwiCross are a mix between Holstein 
Friesians and Jerseys which means there will be higher genetic variance in KiwiCross, with a 
corresponding increase in phenotypic variation compared to the Holstein Friesians. The 
results in this sub-section refer to Table 4.3. 
When all four QTN are fit simultaneously without interactions, accuracy is highest 
and bias is lowest in the Fixed Class model, closely followed by the Fixed Covariate model. 
Fitting all SNPs simultaneously in the Random Covariate model significantly, but only 
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slightly, increased the accuracy of prediction compared to the base model and there was no 
change in bias. 
Including the mutation in AGPAT6 does not have a significant effect on either 
accuracy or bias of DGV prediction for either breed except for a significant decrease in bias 
when AGPAT6 is fit in the Fixed Class model in KiwiCross cows. When AGPAT6 is fit in 
the Fixed Class model the bias is lower than any other model fit in the KiwiCross and is 
lower than the base model in Holstein Friesians (P = 0.04). 
Including the causal mutation in DGAT1 does not have a significant effect on 
accuracy compared to the base model for any model or breed. Including DGAT1 
significantly decreases bias when DGAT1 is fit in the Fixed Covariate model for both 
Holstein Friesians and KiwiCross. When DGAT1 is included in a model, bias is the lowest in 
both breeds when DGAT1 is fit in the Fixed Class model, however it is only significantly 
different from the base model in KiwiCross cows. The results that including DGAT1 did not 
improve prediction accuracy were a little surprising, however there is a SNP in the 35k 
subset of SNPs that is in very high LD with the DGAT1 mutation (R2 = 0.99) that is likely 
picking up the effect of DGAT1. When the SNP in high LD with DGAT1 was removed in 
the Holstein Frisian analysis the accuracy of the base model dropped (0.662, P = 0.03) while 
the bias increased (1.226, P < 0.01). Fitting models 1-3 with the base model minus the SNP 
in high LD with DGAT1 gave equivalent accuracy and bias as fitting models 1-3 with the 
original base model (data not shown). Fitting either DGAT1, the SNP in high LD with 
DGAT1 or the combination of these two as random covariates explains the same amount of 
genetic variance. These results indicate that including DGAT1 as a fixed class benefits 
genomic prediction of milk fat yield by lowering bias. 
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Including GHR in any model does not significantly change accuracy or bias 
compared to the base model in either breed. In general, however, the accuracy is numerically 
higher than the accuracy in the base model for most models including GHR, which may 
indicate there is a benefit to including GHR when predicting DGVs but there are too few 
individuals who are homozygous for the minor allele for this increase in accuracy to be 
significant. 
Including PLAG1 in any model does not have a significant effect on accuracy or bias 
in Holstein Friesians. Including PLAG1 as a random covariate or fixed covariate does not 
affect accuracy or bias in KiwiCross, however fitting PLAG1 as in the Fixed Class model 
significantly decreases both accuracy (undesirable) and bias (desirable).  
Including control SNPs had no effect on accuracy or bias of DGV prediction 
compared to the base model in either breed (Table A3). 
Interaction Models 
When the interaction between all four QTN was fit as a single fixed effect along with 
the 35k SNPs as random effects, DGV accuracy slightly decreases compared to the based 
model in Holstein Friesians (0.677) and slightly increases in KiwiCross (0.586), although not 
significantly. One reason the accuracy may decrease in this case is because some animals 
with less common genotypes were removed from the data set because the interaction effects 
could not be estimated, which would decrease sample size and therefore could have an effect 
on accuracy. A list of all interactions that were included can be found in Table A4.  The 
regression coefficient, and bias decrease in both Holstein Friesian and KiwiCross cows (bHF 
= 1.119, bKC = 1.117), although it is not significantly different from the bias in the base 
model.  
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Fitting two QTN plus their interaction did not have a significant effect on accuracy (P 
< 0.01) for any combination of SNPs. The addition of an additional QTN and interaction 
effect influences the bias of almost every model. This means that even though accuracy is not 
highly influenced by the addition of another QTN and interaction effects, there is still a 
benefit gained from fitting this additional information in terms of lowering the bias of the 
DGV prediction (Tables 4.4 & 4.5). 
When considering the interactions in the six two-way interaction models, none of the 
interactions were significant at a p-value cut-off of 0.01. There was, however, an indication 
that three interactions may have statistical significance based on a combination of p-value 
and 95% highest density interval for the interaction, and the effect of fitting an interaction on 
accuracy and bias across both breeds. The three interactions were: PLAG1 and AGPAT6, 
PLAG1 and GHR, and DGAT1 and GHR. With each of these QTN having a direct (or 
indirect) effect on milk fat yield it is not surprising that there could be epistasis between these 
QTN. 
Summary 
Taken together, these results suggest that fitting QTN for milk fat yield in this 
population has minimal effect on accuracy but has the potential to substantially lower bias. It 
has been shown that including causal mutations can have beneficial returns in terms of 
increasing prediction accuracy in simulations based on human population parameters 
(Meuwissen and Goddard, 2010; Yang et al., 2010). Cattle, however, have small effective 
population sizes (de Roos et al., 2008), and this, along with their mating structures, means 
that there are high levels of LD in dairy cattle (Farnir et al., 2000) compared to more outbred 
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populations, such as humans (Gibbs et al., 2009). This means that fitting the causal mutation 
in dairy cattle is less likely to affect prediction accuracy than in more outbred populations. 
Even though three major QTN for milk fat yield showed significant dominance, 
fitting the QTN as a fixed class effect, thereby taking dominance into account, did not 
significantly increase model accuracy. In Holstein-Friesians, however, model accuracy is 
numerically highest when each QTN is fit as a fixed class compared to a fixed or random 
covariate (Table 4.3) but the difference is miniscule. Taking account of dominance by fitting 
QTN as fixed classes consistently gives the lowest bias compared to the base model or fitting 
the QTN as a random or fixed covariate, even though this difference is not always 
significant. Therefore fitting QTN with dominance as a fixed class has the potential to 
decrease bias of DGV estimates. 
One potential limiting factor of this study is that analyses were only performed on 
female cattle. Studies have shown that including both males and females in a genomic 
analysis has the potential to bias results, particularly if genotyped females are not chosen 
carefully (Pryce and Daetwyler, 2012). The results have the potential to change when 
performed on bulls compared to cows because there is little selection pressure on cows 
compared to bulls and it has been shown that models perform differently under different 
levels of selection (Vitezica et al., 2011) and that selection itself can cause an increase in 
bias. 
 
4.5 Conclusions 
Each of the four QTN has an effect on milk fat yield in this study, while no effect was 
found for any of the control SNPs on milk fat yield. Dominance was found to be present at 
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three QTN: DGAT1 (partial dominance), AGPAT6 (over-dominance) and PLAG1 (complete 
dominance). There was some evidence of epistatic interactions between PLAG1 and 
AGPAT6, PLAG1 and GHR, and DGAT1 and GHR. 
This study found that, in general, including known QTN for milk fat yield does not 
significantly influence prediction accuracy of milk fat yield DGV, and when any difference is 
significant, it is not sufficiently large to have a noticeable effect on genetic gain. Although 
accuracy is not sufficiently affected when including known QTN, bias can potentially be 
lowered quite substantially by the addition of known QTN into genomic prediction models. 
While lowering bias does not have the same direct economic application as increasing the 
accuracy of prediction, there are still many benefits to decreasing the bias in terms of more 
accurately being able to predict genetic gain to make better financial decisions looking into 
the future. 
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4.9 Tables 
 
 
 
 
 
Table 4.1: Summary Statistics for AGPAT6, DGAT1, GHR, and PLAG1 
QTN Minor Allele Frequency HWE P-Value Holstein Friesian KiwiCross Holstein Friesian KiwiCross 
AGPAT6 0.34 0.42 <0.001 <0.001 
DGAT1 0.49 0.39 <0.001 <0.001 
GHR 0.09 0.06 0.042 0.489 
PLAG1 0.26 0.47 <0.001 <0.001 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Table 4.2: SNP Effects for AGPAT6, DGAT1, GHR, and PLAG1  
QTN 
Holstein Friesian KiwiCross 
Mean % 
Variance 
α 
(kg) 
a 
(kg) 
d 
(kg) 
Mean % 
Variance 
α 
(kg) 
a 
(kg) 
d 
(kg) 
AGPAT6 0.17* 2.16* 1.48* 3.32* 0.91* 2.25* 1.19* 3.34* 
DGAT1 22.98* 9.54* 9.48* -1.93* 17.39* 7.43* 8.01* 2.05* 
GHR 0.32* 4.32* 4.85* 0.60 0.37* 4.95* 4.22 -0.81 
PLAG1 0.04* 1.45 2.24* 2.96* 1.88* 3.57* 2.57 -0.68 
* Value is different from zero at a significance level of 0.01. 
α = Allele substitution effect, a = classical additive effect, d = dominance effect 
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Table 4.3: Correlation (r) and regression (b) coefficients of DEBV on DGV for Holstein 
Friesian and KiwiCross cows 
Model1,2 Holstein Friesian 
r (s.e.)3 
Holstein Friesian  
b (s.e.) 4 
Kiwi Cross 
r (s.e.)3 
Kiwi Cross 
b (s.e.) 4 
Base 0.687 (0.014) 1.154 (0.035) 0.573 (0.015) 1.154 (0.055) 
1) All  0.688 (0.015)* 1.155 (0.035) 0.579 (0.017) 1.151 (0.055) 
2) All 0.691 (0.012) 1.114 (0.035) 0.581 (0.017) 1.112 (0.050) 
3) All 0.691 (0.011) 1.109 (0.039) 0.586 (0.016) 1.062 (0.049) 
1) AGPAT6 0.687 (0.014) 1.156 (0.035) 0.573 (0.015) 1.152 (0.054) 
2) AGPAT6 0.688 (0.015) 1.146 (0.036) 0.575 (0.015) 1.144 (0.052) 
3) AGPAT6 0.688 (0.015) 1.145 (0.037) 0.554 (0.011)  1.007 (0.036)* 
1) DGAT1 0.686 (0.015) 1.154 (0.035) 0.573 (0.015) 1.153 (0.054) 
2) DGAT1 0.687 (0.015)  1.144 (0.034)* 0.572 (0.015)  1.143 (0.054)* 
3) DGAT1 0.686 (0.013) 1.135 (0.037) 0.574 (0.016)  1.139 (0.054)* 
1) GHR 0.688 (0.015) 1.156 (0.035) 0.577 (0.016) 1.156 (0.055) 
2) GHR 0.691 (0.012) 1.141 (0.031) 0.580 (0.017) 1.146 (0.055) 
3) GHR 0.691 (0.012) 1.140 (0.032) 0.533 (0.005) 0.867 (0.033) 
1) PLAG1 0.686 (0.015) 1.155 (0.035) 0.575 (0.016) 1.147 (0.054) 
2) PLAG1 0.685 (0.014) 1.146 (0.037) 0.576 (0.016) 1.136 (0.053) 
3) PLAG1 0.686 (0.013) 1.145 (0.035)  0.549 (0.012)*  0.979 (0.041)* 
* Value is different from base model at a significance level of 0.01 for a paired t-test, pairing cross-validation 
sets. 
1
  Base = 35 000 SNPs fit in a BayesB model with pi = 0.975, 1 = Base model plus QTN fit as a random 
covariate, 2 = Base model plus  
   QTN fit as a fixed covariate, 3 = Base model plus QTN fit as a fixed class 
2
  All refers to all four QTN fit simultaneously 
3
  Pooled correlation between DEBV and DGV divided by square root h2 (0.35). 
4
  Pooled regression coefficient for DEBV on DGV. This value is expected to be 1 in the absence of bias. 
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Table 4.4: Correlation (r) and regression (b) coefficients of DEBV on DGV for Two-
Way Fixed Class Interaction Models for Holstein Friesian Cows 
QTN AGPAT6 (s.e.) DGAT1 (s.e.) GHR (s.e.) PLAG1 (s.e.) 
AGPAT6 (s.e.)  0.685 (0.013) 0.689 (0.013) 0.681 (0.014) 
DGAT1 (s.e.)  1.118 (0.034) ##  0.687 (0.010) 0.683 (0.013) 
GHR (s.e.)  1.124 (0.034) ## 1.112 (0.033)  0.687 (0.012) 
PLAG1 (s.e.) 1.123 (0.039) #   1.120 (0.038) #   1.123 (0.034) #  
Correlation coefficients are above the diagonal while regression coefficients are below the diagonal. 
*   Value is different from both Fixed Class Models at a significance level of 0.05 for a paired t-test, pairing 
cross-validation sets. 
# 
   Value is different from one Fixed Class Model at a significance level of 0.05 for a paired t-test, pairing 
cross-validation sets. 
##
  Value is different from one Fixed Class Model at a significance level of 0.01 for a paired t-test, pairing cross-
validation sets. 
 
 
 
 
 
 
 
 
 
Table 4.5: Correlation (r) and regression (b) coefficients of DEBV on DGV for Two-
Way Interaction Models for KiwiCross Cows 
QTN AGPAT6 (s.e.) DGAT1 (s.e.) GHR (s.e.) PLAG1 (s.e.) 
AGPAT6 (s.e.)  0.577 (0.014) # 0.575 (0.014) * 0.578 (0.015) * 
DGAT1 (s.e.) 1.123 (0.051) ##  0.576 (0.018) # 0.582 (0.016) # 
GHR (s.e.) 1.124 (0.049) ** 1.121 (0.055) *  0.582 (0.016) * 
PLAG1 (s.e.) 1.119 (0.053) ** 1.117 (0.053) ## 1.119 (0.050) **  
Correlation coefficients are above the diagonal while regression coefficients are below the diagonal. 
*   Value is different from both Fixed Class Models at a significance level of 0.05 for a paired t-test, pairing 
cross-validation sets. 
** Value is different from both Fixed Class Models at a significance level of 0.01 for a paired t-test, pairing 
cross-validation sets. 
# 
   Value is different from one Fixed Class Model at a significance level of 0.05 for a paired t-test, pairing 
cross-validation sets. 
##
  Value is different from one Fixed Class Model at a significance level of 0.01 for a paired t-test, pairing cross-
validation sets. 
 
  
69 
CHAPTER V 
 
CONCLUSIONS 
 
The objectives of this study were to determine the effect of fitting two different types 
of information: calf sex or QTN genotype; into current statistical models for milk traits to 
quantify their effect and determine whether there is the potential to increase prediction 
accuracy, and therefore genetic gain, from including this information in genetic evaluation 
systems. 
It was discovered that calf sex affects maternal milk yield both within and across 
lactations. Milk yield was influenced by the sex of the calf that initiated the lactation in all 
cases when days-in-milk was not included in the prediction model. The calf sex combination 
across three generations also had an effect on lactation yield. While it was shown that calf 
sex does impact milk yield, the effect is small and including calf sex in prediction models is 
unlikely to have a large effect on genetic gain. 
All QTN fit were shown to have a significant effect on milk fat yield, while control 
SNPs were shown to have no effect on milk fat yield. Dominance was observed at three of 
the four QTN in Holstein Friesians and two of the four QTN in KiwiCross cows. This is an 
important finding because identification of dominance at some of the biggest QTN for one of 
the most economically important traits in dairy cattle could potentially increase accuracy and 
decrease bias of EBVs if modeled correctly. 
Including QTN genotypes in BayesB genomic prediction models did not influence 
prediction accuracy in most cases, and when it did increase accuracy it was such a small 
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increase there is no practical benefit to including QTN genotype in terms of accuracy. 
Including QTN genotype decreased bias significantly in a number of models, with the lowest 
bias observed when AGPAT6 genotype was fit as a fixed class where the regression 
coefficient went from 1.154 in the base model to 1.007 in KiwiCross cows. AGPAT6 showed 
over-dominance in both Holstein Friesian and KiwiCross. Fitting AGPAT6 genotype as a 
fixed class, the classical additive and dominance effects are explicitly modelled, improving 
DGV prediction. 
It is well known that there is still a lot of unexplained, residual variation in 
economically important traits in the dairy industry. The identification of calf sex having an 
impact on milk yield is an example of a parameter that can be easily recorded at calving that 
could potentially be used to improve estimates and explain more of the genetic variation in 
this trait. While calf sex itself was not shown to have a large enough effect on milk yield in 
the New Zealand Holstein Friesian population to substantially increase genetic gain, it shows 
there may be other parameters that are easily recordable during the lifetime of a cow that 
could enable more accurate modeling of milk traits and thereby increase genetic gain. 
While there was no evidence of an increase in accuracy when any of the QTN were 
included in genomic prediction of milk fat yield, when a marker in high LD with DGAT1 
was removed from the analysis there was a significant drop in DGV accuracy and increase in 
bias. This result suggests that the 35k markers used in the base model were already capturing 
most of the effect of these major QTN. In different populations with different LD structure, 
or even different traits within New Zealand dairy cattle with major genes located in areas of 
low LD, there is the potential to be able to increase the accuracy of prediction by fitting QTN 
genotypes. More research will need to be done in this area. 
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This study shows there is a lot of information that has the potential to improve 
modeling of economically important traits. New studies coming out over the next decade or 
more will enable us to get a much deeper understanding of the biology behind milk 
production in dairy cattle, which may lead to more accurate modeling of milk traits which 
can potentially increase genetic gain in our dairy cattle populations. 
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APPENDIX 
 
 
Table A1: Summary Statistics for three control SNPs 
QTN 
Minor Allele Frequency HWE P-Value 
Holstein 
Friesian KiwiCross 
Holstein 
Friesian KiwiCross 
CHR4 0.14 0.13 0.020 0.275 
CHR8 0.22 0.16 0.557 0.001 
CHR11 0.37 0.41 0.981 0.543 
 
 
 
 
Table A2: SNP Effects for three control SNPs  
QTN 
Holstein Friesian KiwiCross 
Mean % 
Variance 
α 
(kg) 
a 
(kg) 
d 
(kg) 
Mean % 
Variance 
α 
(kg) 
a 
(kg) 
d 
(kg) 
CHR4 0.03* 0.04 0.18 0.28 0.05* -0.34 1.17 1.14 
CHR8 0.02* 0.02 1.64 1.24 0.01* 0.70 0.99 0.83 
CHR11 0.02* -0.56 -0.77 0.75 0.05* 0.91 0.11 0.07 
* Value is different from zero at a significance level of 0.01. 
α = Allele substitution effect, a = classical additive effect, d = dominance effect 
 
 
 
 
Table A3: Correlation (r) and regression (b) coefficients of DEBV on DGV for genomic 
prediction of Holstein Friesian and KiwiCross cows 
Model1 
Holstein 
Friesian 
r (s.e.)2 
Holstein 
Friesian  
b (s.e.) 3 
Kiwi Cross 
r (s.e.)2 
Kiwi Cross 
b (s.e.) 3 
1) CHR4 0.686 (0.014) 1.154 (0.035) 0.574 (0.015) 1.153 (0.054) 
2) CHR4 0.686 (0.015) 1.154 (0.035) 0.572 (0.015) 1.150 (0.054) 
3) CHR4 0.686 (0.015) 1.153 (0.035) 0.571 (0.015) 1.147 (0.054) 
1) CHR8 0.687 (0.014) 1.155 (0.035) 0.573 (0.015) 1.153 (0.054) 
2) CHR8 0.686 (0.014) 1.153 (0.035) 0.573 (0.016) 1.151 (0.056) 
3) CHR8 0.687 (0.013) 1.148 (0.032) 0.574 (0.016) 1.212 (0.053) 
1) CHR11 0.687 (0.015) 1.155 (0.035) 0.573 (0.015) 1.153 (0.054) 
2) CHR11 0.686 (0.014) 1.153 (0.035) 0.573 (0.015) 1.152 (0.055) 
3) CHR11 0.686 (0.014) 1.154 (0.035) 0.573 (0.015) 1.152 (0.055) 
P > 0.01 for all values when compared to Model 1 for that SNP. Model 1 was not significantly different from 
the base model for any SNP (P > 0.01). 
1
  1 = Base model without the control SNP, 2 = Model 1 plus control SNP fit as a fixed covariate, 3 = Model 1 
plus control SNP fit as a fixed class. 
2
  Pooled correlation between DEBV and DGV divided by square root h2 (0.35). 
3
  Pooled regression coefficient for DEBV on DGV. This value is expected to be 1 in the absence of bias. 
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Table A4: List of QTN Combinations Included in the Four-Way Interaction Model in 
Holstein Friesian and KiwiCross cows 
 
Holstein Friesian KiwiCross 
AGPAT6 DGAT1 GHR PLAG1 AGPAT6 DGAT1 GHR PLAG1 
QQ QQ qq Qq QQ QQ QQ Qq 
QQ Qq Qq Qq QQ QQ Qq QQ 
QQ Qq Qq qq QQ QQ Qq Qq 
QQ Qq qq QQ QQ QQ Qq qq 
QQ Qq qq Qq QQ Qq QQ QQ 
QQ Qq qq qq QQ Qq QQ Qq 
QQ qq Qq Qq QQ Qq QQ qq 
QQ qq qq Qq QQ Qq Qq QQ 
Qq QQ Qq Qq QQ Qq Qq Qq 
Qq QQ Qq qq QQ Qq Qq qq 
Qq QQ qq QQ QQ qq QQ Qq 
Qq QQ qq Qq QQ qq Qq QQ 
Qq QQ qq qq QQ qq Qq Qq 
Qq Qq Qq QQ Qq QQ QQ QQ 
Qq Qq Qq Qq Qq QQ QQ Qq 
Qq Qq Qq qq Qq QQ QQ qq 
Qq Qq qq QQ Qq QQ Qq QQ 
Qq Qq qq Qq Qq QQ Qq Qq 
Qq Qq qq qq Qq QQ Qq qq 
Qq qq Qq Qq Qq Qq QQ QQ 
Qq qq Qq qq Qq Qq QQ Qq 
Qq qq qq QQ Qq Qq QQ qq 
Qq qq qq Qq Qq Qq Qq QQ 
Qq qq qq qq Qq Qq Qq Qq 
qq QQ Qq Qq Qq Qq Qq qq 
qq QQ Qq qq Qq qq QQ QQ 
qq QQ qq Qq Qq qq QQ Qq 
qq Qq Qq Qq Qq qq QQ qq 
qq Qq Qq qq Qq qq Qq QQ 
qq Qq qq QQ Qq qq Qq Qq 
qq Qq qq Qq qq QQ QQ Qq 
qq Qq qq qq qq QQ Qq Qq 
qq qq Qq Qq qq QQ Qq qq 
qq qq Qq qq qq Qq QQ QQ 
qq qq qq Qq qq Qq QQ Qq 
    
qq Qq QQ qq 
    
qq Qq Qq Qq 
    
qq Qq Qq qq 
    
qq qq QQ Qq 
Of the 81(34) possible combinations, 35 were present in Holstein Friesians and 39 were present in KiwiCross. 
